Abstract-The research on noninvasive incipient fault diagnosis of power converters is very critical to avoid strenuous periodic check-ups and costly interruptions. Thermal cycling is one of the main techniques to accelerate the package-related failure progress. In this paper, first, a custom designed accelerated aging platform that can expose multiple discrete power MOSFETs to thermal stress simultaneously is introduced. Based on the collected experimental data, the variation of the ON-state resistance is identified as the failure precursor, and an exponential degradation model that fits successfully with the experimental data are developed. The remaining useful lifetime (RUL) of degraded power MOSFETs is estimated through classical least-squares algorithm run on experimental data filtered by Kalman Filter which deals with the measurement noise and model uncertainties. The essential advantage of the proposed method is that it does not require junction temperature information. The RUL estimation with limited field data is demonstrated on a number of experimental results.
literature. It has been shown that the temperature swing resulting in extrinsic failure can have severe impact on the total lifetime of the switch [11] . Thus, developing prognosis tools is vital for the reliability of these systems.
The reliability of Si-based power semiconductor devices has been exhaustively researched on custom-designed accelerated test-beds. In general, power and thermal cycling tests are employed to realize and demonstrate thermal swing effects on the power devices [7] , [9] [10] [11] [12] [13] . This type of accelerated test particularly propagates the package-related extrinsic failures. Majority of the studies evaluated the failure precursors of IGBTs. The major findings were variation in collector-emitter voltage [9] , peak value of the collector-emitter ringing during turn-off [14] , and gate-source threshold voltage [15] . In studies that focused on power MOSFETs, the reported failure precursor is the increased ON-state resistance that occurs due to the bond-wire degradation, gate-oxide degradation, and cracks and delamination in the die attach solder [11] [12] [13] , [16] .
Although the precursors have been well identified, there are a few studies that put effort on estimating the remaining useful lifetime (RUL) of power switches. The reported RUL methods are essentially either model based or data-driven approaches. In model-based approaches, typically, junction temperature information is obtained from the power losses and thermal impedance model of the switch, while temperature cycles are counted using algorithms such as rain-flow counting [17] , [18] . The data-driven methods involve processing of experimental data to derive an empirical degradation model. In [19] , relevance vector machine is used to train the degradation data of power MOSFETs to obtain representative vectors, which are fitted by a degradation model. A threshold value is defined and RUL is estimated using the proposed degradation model. In [16] , Kalman filter (KF) and particle filter are proposed for failure prognosis; however, the details of the implementation have not been presented.
In this paper, a data-driven approach is presented. The experimental data are obtained through exhaustive tests and exponential empirical model is proposed to estimate the RUL of the switches. The empirical coefficients are found by least-squares method which uses the KF filtered data dealing with the model uncertainties and measurement noise. The basic advantage of this method is that it does not require junction temperature information, but it only requires ON-state resistance measurement that is quite practical to sense. The results are verified on a number of experimental data. 
II. AGING TEST-BED FOR THERMAL CYCLING

A. Failure Mechanisms Due to Electrothermal Stress
Power MOSFET has a complex structure with differently doped n and p layers. In high-voltage MOSFETs, n layer has been further divided into two layers that are doped with high and low concentrations, to be able to withstand high forward voltage. A typical MOSFET structure showing the resistances of each layer and region from source-to-drain terminals is illustrated in Fig. 1 . The total ON-state resistance of a power device is the sum of the individual resistances of each layer and region, and can be expressed as follows:
where R Source is the source diffusion resistance, R Ch is the channel resistance, R A is the accumulation resistance, R J is the resistance of the JFET region, R D is the drift region resistance, and R Sub is the n + substrate resistance. The rest of the resistances detailed in Fig. 2 , which include the resistances of the bond wires (R BW ), metallization and contact resistances (R C ), and die attach solder resistances (R Die ), are denoted by R wcml . In high-voltage MOSFETs, major contributing components of the R ds,ON are R D and R J , respectively. The remaining layer and channel resistances are relatively smaller, while R wcml is generally negligible. Nevertheless, these contact points of different materials exhibit different thermal expansion characteristics due to different coefficients of thermal expansion (CTE). As a result of the induced tensile/compressive and shear stresses, they form the weak points of the power devices.
The applied shear stress is in direct relation with the contact surface. Thus, die attach solder joints having a large contact area carry high potential for failure [20] . On the other hand, the contact area of bond wires is quite small, yet, it has a direct connection to the active area of the FET. Because of this reason, large temperature swings can be observed at the joints. Large CTE mismatch and thermal swings make bond wires another potential weak point in the FET structure. When a power device is exposed to thermoelectrical stresses such as high mean temperature and large temperature swings, fatigues such as cracks, delamination, or complete lift-offs can occur at the above-mentioned weak points. In order for more reliable power converters, failure tests and reliability data are necessary during the development stage. However, these devices are meant to last for millions of cycles under normal and ideal operating conditions. To accelerate the fatigue process, accelerated aging tests are widely recognized, and had been demonstrated by many research groups. The majority of the package-related failures happen due to the electrothermal stresses. The type of the electrothermal stresses that trigger various types of failure mechanisms have been summarized in Table I [21] .
B. Aging Test-Bed for Thermal Cycling
As it can be seen from Table I , main reasons behind the package-related failures are the temperature swing magnitude, slope, and mean temperature. In order to observe the effects of electrothermal stresses in a shorter time, accelerated thermal or power cycling tests are applied on custom-designed test-beds. In this work, a test-bed capable of applying thermal cycles to multiple discrete power MOSFETs through independently controlling their temperatures is presented [12] . The photograph of the designed built test-bed is given in Fig. 3 .
The aforementioned failures, particularly die attach solder joint degradation, cause noticeable increment in the ON-state resistance. Since the individual resistance components are not measurable or sensible without decapsulation of the mold compound, researchers have observed and evaluated the variation of the total ON-state resistance of a power MOSFET [11] [12] [13] , [15] . In the built accelerated test-bed, the measurements are taken in favor of finding out R ds,ON of the switches. Thus, each V DS and I D are sensed and transmitted to data acquisition system (DAQ), together with T c . The power circuit consists of series connected diode, current sensor, and the device under test (DUT). It is intended to use the power devices as the main load without adding an external load. In this test, the power supply is operated as a current source by limiting its current to the desired value. This helps to avoid current control loops in the DSP. When the switch is turned on, the adjusted current heats the device (active heating). In a similar manner, when the switch is turned off, no current passes through the device and cooling fans are engaged on.
The test-bed is designed for thermal cycling of discrete power switches, in which the temperature swing amplitude of each switch is controlled independently. K-type thermocouples are attached to the base plate of the switches and case temperature is fed to the DSP. The estimated junction temperatures are compared with the defined maximum and minimum temperature references, and a hysteresis band is developed in software for every switch.
III. EXPERIMENTAL RESULTS OF ON-STATE RESISTANCE
A. Under Cyclic Thermal Stress
Two sets of tests are performed with different thermal swing amplitudes on 11-A/400-V power MOSFETs. In the first set of experiments, the switches are degraded under three different thermal conditions, which are: 1) ΔT j = 160
• C, at a drain current of 5.2 A. In this particular test, the thermal swing amplitude is chosen high to shorten the duration of the tests. The elevated junction temperatures accelerate the aging mechanisms, particularly the gate-oxide degradation, due to the increased amount of trapped charges. In addition, the increased sheet resistance contributes to the measured R ds,ON , yet; the major root cause of the increased ON-state resistance is the die attach degradation. The trapped charges in the gate oxide and deformation on the upper metallization layer affect the other characteristics of the device more, such as gate threshold voltage, gate current, and leakage current.
It should be noted that measurements are taken at every five thermal cycles at the room temperature in order to make sure that device junction temperature remains the same in every measurement. However, the ON-state resistance measurement is quite challenging particularly when the converter is running, due to its dependence on junction temperature and drain current. Nevertheless, the measurements can be taken at the startups or zero crossings of the current to eliminate some of these dependencies as discussed in [22] .
The experiments typically take several days to few weeks. The experimental results of eight of the switches are presented and analyzed in this paper, which are labeled as R1a-R2a and R4a-R9a.The most common observed failure was the loss of gate control. It should be highlighted that only R5a and R7a have failed during the experiments. The other switches were able to turn-on and turn-off; however, exhibited unstable R ds,ON . The devices aged to this level can be classified as "faulty," as the characteristics deviate from nominal values. R1a and R2a were functional and no abnormalities have been observed in these devices except increased R ds,ON .
The C-SAM results of the switches R5a and R8a are given in Fig. 4 . C-SAM results are essential for finding out the voids/cracks or delamination at different surfaces. The red spots accompanied by the unexpected frequency responses observed at the surfaces are the indicators of voids and possible delamination. R5a has been identified as a failed device as previously discussed. This conclusion is also suggested by the C-SAM results. Deformation, possibly a delamination, can be observed at the contact surface of gate metal of R5a. In contrary, no sign of deformation is observed at the gate metal of R8a. Furthermore, the degraded switches are decapsulated to observe any potential damage on the die surface, as shown in Fig. 5 , yet, no damage is observed other than the signs of metallization deformation and possible gate-oxide degradation, which potentially might have caused shifts in threshold voltage and the increase in the ON-state resistance.
The results of the online ΔR ds,ON measurements for the first set of experiments are given in Fig. 6 . It is clearly seen that even though the same thermal swing is applied to the same type of switch from the same vendors, the degradation curves are slightly different. It is also observed that even slight increment in the thermal swing amplitude results in a distinctive end of life (EOL) cycle. This can be observed from samples R1a and R2a, where the EOL cycle is considerably more than that of samples R4a-R9a. It is found that degradation curve is in the form of an exponential function to some extent and a safe threshold can be determined for RUL estimation. 
The second set of experiments intends to degrade switches thermally with a swing amplitude of 80
• C and a maximum junction temperature of 160
• C. The experiments took approximately three weeks. This set of experiments is important to find out if similar results can be populated within shorter time. Similar to the results of the previous experiments, the R ds,ON variation is found to be exponential to a certain value, each one exhibiting slightly different propagations under the same thermal conditions. The change in R ds,ON is plotted in Fig. 7 for each switch till the degradation curve does not evolve exponentially anymore.
B. Under Variable Thermal Stress
The previous experimental results have been performed for cyclic thermal stress, where the thermal swing amplitude has been kept constant throughout the aging. In order to observe the ON-state variation under thermal swings with variable amplitudes, another test has been performed on the same power MOSFET, which experienced 10 consecutive thermal cycles of different amplitudes, as given in Fig. 8 cycle (up and down). The experimental results of ΔR ds,ON are presented in Fig. 9 . As it can be seen from the figure, the aging curve is again exponential and the accumulated damage is similar to that observed in tests where the thermal swing amplitude is 120
• C.
IV. RUL ESTIMATION BASED ON PALMGREN-MINER METHOD
A. Coffin-Manson Model
The EOL of a power device can be modeled by the wellknown Coffin-Manson model as given in (2), even though it has some shortcomings as it only considers the amplitude of the junction temperature, ΔT j and the mean temperature T m [23] , [24] where E a and k denote the thermal activation energy and Boltzmann constant in (2), respectively, while A and δ are the empirical constants. Due to its lack of physical information on the die and the packaging, (2) only provides a rough estimate of EOL for the switches. The EOL of the switches can be determined by analyzing the zoom-in profile of the ON-state resistance variations given in Fig. 6 . This logarithmic plot shown in Fig. 10 exhibits an exponential variation up to a certain value in the degradation process. Here, EOL is defined as 50 mΩ (12%) deviation from its initial ON-state resistance value that is chosen as the lowest threshold value for safety critical applications after exhaustive experiments.
In order to find the empirical constants in (2) for the aged MOSFETs, the results of two different test conditions can be expressed as
Taking the natural logarithm of the above equations yields
Thus, δ is found as
The empirical constant A can be found by substituting (7) into (3) as
where
By using test conditions ΔT j1 = 130
• C N f 2 = 750, the empirical coefficients for δ and A are calculated as −5.2776 and 4.9283 × 10 13 , respectively. The found empirical coefficients are validated using a third test condition, ΔT j = 140
• C T j max = 220
• C, and comparing the calculated EOL value with the experimental results. The calculated N f is 1586 cycles for this case, whereas the actual experimental data suggest 1430 cycles. For more accurate result, advanced models taking the physical measures such as bond-wire diameter, etc. should be utilized. Even though the calculated result based on the simple model proposed in [24] does not perfectly match with the experimental data, it provides an insight on the range of N f .
B. Lifetime Estimation Palmgren-Miner Linear Damage Accumulation Rule
The remaining lifetime with respect to thermal swing amplitude and corresponding EOL can be approximately calculated by Palmgren-Miner linear damage accumulation rule as [25] [26] [27] [28] (10) where n represents the number of different thermal swing amplitudes experienced by the switch, N n denotes the number of thermal swings experienced at thermal swing amplitude n, and N EOL,n is the EOL found by the Coffin-Manson model for thermal swing amplitude n. The thermal cycles can be counted by rain-flow algorithm [17] , [18] , [29] . In order to illustrate the estimation of RUL using PalmgrenMiner linear damage accumulation rule, which accounts the number of thermal swings and thermal swing amplitudes, another switch has been thermally cycled with ΔT j of 180
• C for 150 cycles. After 150 cycles, the thermal cycle amplitude has been reduced to 140
• C. The device has reached ΔR ds,ON of 50 mΩ after 914 cycles, after which is considered as failed device. The resultant degradation curve is presented in Fig. 11 . Using the Coffin-Manson model, the EOL is calculated as 371 cycles at ΔT j = 180
• C. Likewise, the EOL is calculated as 1396 cycles at ΔT j = 140
• C. The remaining lifetime can be calculated using (10) . The estimation error is calculated as 4.8% with respect to the experimental results. Based on the obtained results, the Palmgren-Miner linear damage accumulation rule together with rain-flow counting algorithm can be used to estimate the lifetime extension in real time. The drawback of this method is the necessity of junction temperature information.
C. Challenges in Junction Temperature Estimation for Aged Devices
The junction temperature can be estimated by monitoring electrothermal sensitive parameters such as saturation voltage [30] and threshold voltage [31] variations. Among these parameters, ON-state resistance of power MOSFETs and IGBT saturation voltage greatly varies due to aging in solder attachments and electrical resistances at contact points. On the other hand, threshold voltage is not affected by solder degradation and can be used to estimate the junction temperature if there is no degradation on the gate-oxide layer [31] .
In high-power modules, a p-n junction mounted next to the Si chip can be monitored to sense the temperature [32] . This method is used in some industrial applications; however, it is suitable for very high-power module structure. The conventional way to estimate junction temperature is: 1) calculating the power losses at each step; 2) multiplying the losses with the thermal impedance; and 3) adding the generated heat in the device to the case temperature [33] [34] [35] . However, due to the solder degradation and thereby change in the thermal impedance, the estimated junction temperature may not be accurate.
V. PROPOSED RUL ESTIMATION BASED ON ON-STATE RESISTANCE VARIATION
A. Exponential Degradation Model
The degradation growth can be modeled from the experimental data due to lack of information on the physical modeling of the device. As it can be observed from Figs. 7 and 10, the R ds,ON increases exponentially with respect to thermal cycles in the defined RUL estimation zone with an initial value R init . Thus, the degradation process can be modeled with an exponential curve, and an added offset value as
Assuming α and β as constants, (11) can be written in statespace form asṘ ds,on (t) = (R ds,on (t) − R init ) β.
Discretizing the system yields
This can be written in canonical form as 
B. Kalman Filter
It is possible to estimate the posterior state by applying KF to the empirical model given in (13) . KF is a widely acknowledged optimal state estimator assuming a Gaussian distribution through minimizing the mean square error (mse) of the estimates considering the errors in the measurements and the model [36] 
where w k and v k denote the process and measurement noises, respectively. The noise terms are assumed to be white and they have Gaussian distribution with zero mean and the following covariance:
In the following equation, the estimation error covariance P k is defined as the covariance of the difference between the true state at time k X k and posterior state estimateX k :
The KF is defined for a discrete system as given in (15) . The time updates of the KF for the priori state estimate and priori error covariance estimate are given aŝ The measurement update involves the calculation of optimal Kalman gain, posterior state estimate, and posterior error covariance, which are expressed as
At every time step, the new state is estimated in a recursive manner using the previous posterior estimate that is found through the time and measurement updates. The estimated trajectory using KF and trajectory obtained from the developed model is compared with the actual measurement data obtained from #Rb1 in Fig. 12 . α and β are found through least-squares method evaluating all of the data points, where α = 0.001676, and β = 0.0001611. In the results given in Fig. 13 , a random white noise with a standard deviation of 0.005 is added on top of the measurement data. In this case, KF deals with the measurement noise and has no impact on finding the empirical coefficients.
C. Online α and β Computation
From Figs. 12 and 13, it is clear that fault growth trajectory of the degraded switches can be estimated within sufficient error margin, when α and β are computed using all the data points. This case is used as a benchmark as outlier effect is minimal when all data points are evaluated. However, when data points up to current time are computed with least-squares method to find α and β, the RUL prediction would be erroneous particularly at the beginning due to the effect of the outliers. In order to make the estimation online and robust, the data are filtered with KF at every time step and empirical coefficients are found based on this filtered data using least-squares method. The exponential curve can be written in the form as in (11) , ignoring the initial value. Taking the natural logarithm of both sides yields ln ΔR ds,on = ln α + βx.
The best fit values for (24) are
In this fit, small ΔR ds,ON values in (24) gets higher weights; thus, the following function should be minimized to distribute the weights equally among the points:
Equation (29) can be minimized by using least squares method, which yields
Using (27), (28) (30), and (31), it is possible to estimate α and β online using KF filtered data. It is also clear from the equations that α and β would converge with more data points.
D. RUL Estimation
The proposed KF integrated with the online exponential fitting of α and β are tested using the experimental data obtained from the first set of tests. Here, the characteristic variable is the β, which converges after approximately one-fifth of the total cycles, as shown in Fig. 14 . Similarly, α converges around the same number of cycles. The outputs of the KF using the online computed α and β are given in Fig. 15 . As it can be seen from the figures, the KF successfully filters and estimates the trajectory of the state.
Using the computed α and β up to current time step, it is possible to predict the RUL of the degraded switch till the threshold value is reached. To test the proposed algorithm, RUL of the samples R1a, R2a, and R4a-R7a are evaluated and the RULs are estimated at different cycle points. The results of the estimation are given in Fig. 16 , and the RUL values along with estimation errors for online and offline computed α and β are summarized in Table II . For instance, the RUL of the sample R1a is estimated after 100 cycles as 935 and 1020 when online and offline computed α and β are used, respectively. The estimation errors are 34.6% and 28.7%, respectively. As the real measurements are taken, the error covariance is updated and trajectory converges to the one obtained from the model. With more data points, the estimation error reduces to 4.2% and 3.5%, respectively.
VI. CONCLUSION
The literature on counting the junction temperature cycles and estimating the EOL through Palmgren-Miner and CoffinManson models is well established. However, these methods require junction temperature information. In this paper, RUL estimation is targeted based on the recent findings on the ONstate resistance variation of power MOSFETs without using junction temperature information.
The safe RUL threshold value for the tested switch is determined as 50 mΩ, corresponding to 12% of its initial value. It is found that the ON-state resistance increases exponentially as switches undergo aging. This aging trend is modeled with an exponential empirical model. The empirical coefficients are found through least-squares algorithm run on KF filtered data, and RUL is estimated at different stages of aging. It has been shown that the error is minimized as more data points are evaluated. The findings on degradation and results suggest that the proposed real-time RUL estimation method can be utilized for failure prognostics.
